Abstract-Solar-plus-storage systems can achieve significant utility savings in behind-the-meter deployments in buildings, campuses, or industrial sites. Common applications include demand charge reduction, energy arbitrage, time-shifting of excess photovoltaic (PV) production, and selling ancillary services to the utility grid. These systems can also offer some energy resiliency during grid outages. It is often difficult to quantify the amount of resiliency that these systems can provide, however, and this benefit is often undervalued or omitted during the design process. We propose a method for estimating the resiliency that a solar-plus-storage system can provide at a given location. We then present an optimization model that can optimally size the system components to minimize the lifecycle cost of electricity to the site, including the costs incurred during grid outages. The results show that including the value of resiliency during the feasibility stage can result in larger systems and increased resiliency.
INTRODUCTION
As component and installation costs have decreased, solar photovoltaic (PV) systems are now economically viable in many parts of the world. Many expect the costs of energy storage to follow a similar trajectory, leading to a rapid uptake in deployment over the next several years.. There is significant interest in pairing solar PV with energy storage as it can unlock many synergies between the technologies.
A battery, for example, can allow excess PV production during the afternoon to be shifted to the evening, thus avoiding the need to sell electricity back to the grid, perhaps at an unfavorable rate. Batteries can also be strategically discharged to smooth the PV production and therefore more consistently reduce peak demand charges. Batteries can be used for energy arbitrage where they are charged overnight at off-peak rates and discharged during the day when electricity prices are higher. In some locations, battery owners may be compensated for providing ancillary services, which help to stabilize the utility grid.
Solar-plus-storage systems may also offer some measure of resiliency during grid outages when the installation includes hardware capable of forming and operating a microgrid. While many of the functions solar-plus-storage systems can provide result in real cash savings or payments to the owners, the value of the resiliency benefit is harder to quantify. The challenge is that it involves both determining the costs incurred by a customer when they lose electricity and assessing the amount of resiliency that a solar-plus-storage system can provide, which is an inherently stochastic analysis owing to the variability of the solar resource and the electrical load profile. For these reasons, energy resiliency is often not explicitly valued during the techno-economic analysis for the project; any resiliency achieved is simply a byproduct rather than a design objective.
In this paper we discuss the meaning of resiliency in solarplus-storage systems, propose a simulation methodology for quantifying the resiliency that such systems might provide, and then present an optimization model that is capable of determining the optimal sizing and dispatching of a solar-plusstorage system for utility bill savings and increased resiliency. Finally, we present results for techno-economic analysis of a solar-plus-storage system on a building in New York City.
II. DEFINING RESILIENCY
An energy resilient building, campus, or community is one which is able to adapt to disruptions of the electrical grid such that they can continue to operate during periods when the primary grid has failed. Such resiliency has traditionally been provided by backup diesel generators which are restricted to only operating during outages. Solar-plus-storage systems, in contrast, can operate for economic gain during normal grid operation, while also providing backup power when the grid has failed. It is important to characterize the resiliency that a solar-plus-storage system may provide, and that is the focus of this section.
The resiliency provided by a solar-plus-storage system is fundamentally different than that provided by a diesel generator. Assuming that the generator was sized appropriately relative to the load, and that it starts and functions properly when commanded, it can be reasonably assumed to provide sufficient electricity to meet the load until its fuel reserves are depleted. The operating duration of such a system is therefore limited only by availability of fuel.
In contrast, the resiliency offered by a solar-plus-storage system, particularly one that was sized predominantly for economic reasons, is less predictable; the battery may be in the midst of a peak shaving application when the outage occurs and thus not fully charged, or a partially cloudy day may only allow the PV array to meet part of the electrical load. As a result, the resiliency that a solar-plus-storage system provides may be considered to be of lower quality than that of a diesel generator, and thus the customer may be unwilling to pay as much to obtain it. It still provides some benefit, however, and for sites where solar-plus-storage systems are on the verge of becoming financially viable, the incremental value of resiliency, small is it may be, could be enough to economically justify the project.
A. Estimating the Resiliency of a Solar-Plus-Storage System
The amount of time for which a solar-plus-storage system can sustain an electrical load during a grid outage is proportional to the solar resource, electrical load being served, and the state of charge of the battery at the time the outage occurs. This means that the duration for which the system can sustain the load will vary depending on the time of day, or season of the year, that the outage starts. For example, the system may be able to sustain the load for a longer period of time if the outage starts at noon on a sunny day than if it begins at night. The amount of time that the system can sustain the load is therefore a random variable.
To characterize the random variable, we performed a series of nested-loop simulations to calculate the number of hours that a PV-battery system could sustain the load for outages beginning during every hour [h] of the year. For an outage beginning in the first hour of the year [h = 1], we first tested whether the system could sustain the load using the electricity produced by the PV array, battery discharges, or a combination. If it could, we updated the state of charge of the battery (including charging if there was excess PV production) and proceeded to test the next hour [h + 1]. This process continued through subsequent hours [h + t] until the system was no longer able to meet the load. The number of hours, t, that the system could sustain the load for an outage beginning in hour h was recorded. At this point the state of charge of the battery was reset to the maximum, and the same process was repeated for the second hour of the year [h = 2] and all subsequent hours through the end of the year [h = 8760]. The result was a vector indicating the number of hours that the solar-plus-storage system could maintain the load for an outage beginning in that hour.
In our model, the average of the resiliency vector is then the number of hours that the solar-plus-storage can be expected to maintain the load for a randomly occurring grid outage. We define this resiliency metric R. Figure 1 shows a representative plot of the resiliency vector for a 10 kW PV array paired with a 30 kWh : 10 kW battery when used to sustain a given load at a particular location. The average amount of resiliency that this system provides, R, is 5.2 hours. This ranges from a high of 22 hours when conditions are favorable in the spring, to a low of 0 hours during the summer. In contrast, the resiliency R of a diesel generator for this site might be eight hours with little, if any, variation over the course of the year. 
B. Valuing the Resiliency Benefit of Solar-Plus-Storage
The Customer Average Interruption Duration Index, CAIDI, describes the average outage duration that a customer can expect to experience in a year [1] . An annual cost of interruption, ACI, can then be found by multiplying the CAIDI by the hourly cost of grid interruptions, CGI, as follows
The CGI varies widely depending on the function of the building. Critical facilities such as hospitals or data centers may have very high costs of interruption, while less critical facilities may have low costs. There are a variety of methods to estimate this cost ranging from detailed site surveys [2] , [3] to higher level market studies [4] - [7] . For this analysis, the CGI was estimated based on national survey data for medium and large commercial and industrial customers [8] .
The ACI can be reduced or eliminated if there is a backup source of power to sustain the electrical load during outages. If the backup power has perfect reliability, the hourly resiliency benefit derived by the customer each year, RB, may be equal to the CGI. Otherwise, as in the case of a solar-plus-storage system, it may be de-rated by some factor α owing to uncertainty in R. This can be expressed as
As an example, if CAIDI is equal to two hours, the R for a system is two hours, and an arbitrary α of 50% is applied, the ACI will only be reduced by 50% instead of being eliminated completely even though the resiliency metric indicates that the system should be able to sustain the average outage.
III. MODEL DESCRIPTION
We implemented a linear program to simultaneously optimize component sizing for a behind-the-meter solar-plusstorage system for both utility bill reduction and increased resiliency. This optimization model was based on our REopt modeling platform for energy system integration and optimization [9] .
The model is based on the principle of energy balance such that the electrical load is met in every time step by a combination of grid purchases, PV production, or battery discharge. The model then minimizes the lifecycle cost of electricity to the site, including financial losses incurred during grid outages. Transient effects and the flow of power between nodes in the network are not considered.
The model is capable of operating at various temporal resolutions, with the computational complexity increasing with increasing resolution. The analysis period is typically 25-years. The model solves the energy balance for the first year and then assumes that the same conditions persist in each of the following years. Utility costs, including both energy and demand charges, are found by first escalating the present costs at an appropriate inflation rate, and then discounting them back to the present.
A. Objective Function
The objective of the optimization model is to minimize the present value of all future energy costs over the analysis period, including the capital costs and maintenance costs of PV and batteries, the costs and revenues associated with buying from and selling electricity to the grid, incentives and tax benefits, and financial losses incurred due to grid outages. This can be formulated as: 
and R < = CAIDI which prevents the model from deriving a higher value from resiliency than can typically be used in a given year. In cases where the RB has been de-rated as described in Section II, it will be less than the cost of interruptions, and as such the system will not be able to fully eliminate the ACI. R is then defined as
where s 1 and s 2 are the sizes of the PV array and the battery energy capacity, respectively, and x 1 and x 2 are regression coefficients obtained after calculating a range of R values for various component sizes at a particular location (as described in Section II) and then performing a multi-variable regression analysis on the results.
B. Candidate Technologies
The primary decision variables are the size of the PV array and the size of the battery, including both its energy capacity and power rating. The model also solves for the optimal dispatch strategy at every time step for each of the candidate technologies that it chooses to build.
1) Utility Grid:
The utility grid is effectively assumed to be an ideal source of electricity capable of supplying infinite amounts of electricity. Since it already exists, the model does not incur any capital costs for using the grid, nor is there any maintenance costs associated with it.
The costs to acquire electricity from the grid are divided into usage costs and demand charges. The model pays for each unit [kWh] of electricity it uses at a rate specified by the tariff. Peak demand charges are also described by the tariff and are based on the largest grid purchase within the hours comprising a particular demand ratchet. The model can accommodate any number of demand ratchets throughout the year. Common examples include peak and off-peak demand periods each day, with the hours associated with each period changing seasonally.
2) Photovoltaics:
The model can choose to build PV and therefore incur an initial capital cost in the present in exchange for free electricity in the future. The amount of electricity produced by a PV array in a given hour is proportional to the hourly solar capacity factor for the location, and is obtained from PVWATTS [10] . Since the production of PV arrays tends to decline over their lifespan, yet the model only solves for one year, the geometric mean output of all of the years is assumed, rather than the first year production.
The size of the PV array can vary up to the user-defined maximum which is commonly limited by the roof or land area available. The capital cost is based upon the rated capacity [kW] of the PV array and includes the present value of any incentives, rebates, and tax benefits such as accelerated depreciation. A PV array is expected to last 25 years with periodic maintenance, the costs of which are included in the model. The associated inverter is likely to need to be replaced once during that time and the replacement cost is amortized into the annual maintenance costs.
The model determines the size of PV to build, if any, as well as how to dispatch it during every hour to minimize the cost of electricity to the site. That is, the model decides whether to use the PV electricity to serve the load directly, to charge a battery if one exists, to sell it back to the grid, either at an export rate or at the retail rate if a net energy metering agreement is in place, or to curtail it. The size of the PV system is a continuous decision variable.
3) Battery Energy Storage:
Batteries are devices capable of moving electricity that is produced (or purchased) during one hour to a future hour, albeit with a small loss. In a linear program, it is not necessary to specify the battery application a priori. Instead, the model is allowed to determine the best use of the battery to minimize the cost of electricity at the site by deciding when to charge it, whether to charge it from excess PV production or the grid, and when to discharge it.
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The amount of energy that the battery can store is determined by its capacity [kWh] while the rate at which it charges or discharges is determined by its power rating [kW] . Different ratios of power to energy are preferable for different applications and since each is an independent decision variable, the model is able to choose the ratio that minimizes the electricity costs to the site. The capital cost for batteries includes a separate cost for both power and energy, the combined total of which represent the cost of the battery.
We do not explicitly model battery chemistries but rather impose some heuristic constraints that are designed to insure that the battery is operated within the manufacturer's specifications. For example, the model is required to keep lithium ion batteries above 20% state of charge and is slightly biased to keep them at a higher state of charge when not in use. Furthermore, the round trip efficiency can be varied based on the battery type.
A lithium ion battery may be expected to last perhaps ten years based on the calendar degradation model [11] [12] . Therefore when a battery is paired with PV in a solar-plusstorage application it may need to be replaced at the midlife of the project. We accommodate this in the model by amortizing the replacement cost into the upfront capital cost. A battery may not last the entire ten years, however, if it is experiences an excessive number of deep charge / discharge cycles. Rather than include this effect in the model, we simply assume that the battery will last ten years based on calendar degradation and then post-process the dispatch using the rainflow algorithm [13] [14] to verify the assumption.
IV. RESULTS
The model was used to optimally size a solar-plus-storage system for a building in New York City. The building had an average electrical load of 15.2 kW, with a minimum of 2.9 kW and a maximum of 63.2 kW. There was space for as much as 30 kW-DC of PV on the roof. The rate tariff included an energy charge of $0.048 per kWh in summer (JuneSeptember) and $0.043 per kWh in winter, and a monthly demand charge of $32.63 per kW. There was no existing backup generation. The site currently spends $17,988 on electricity each year, including $6,042 on energy, and $11,946 on demand charges. The 25-year lifecycle cost of electricity is therefore $283,333, assuming a discount rate of 6% and an inflation rate of 2%. This increases to $287,400 when the costs of grid outages are included.
PV was assumed to have an installed cost of $3.00 per Watt-DC, and to be eligible for a 30% Investment Tax Credit as well as the 5-year MACRS tax benefit. The annual maintenance cost for a PV system is assumed to be $20 per kW per year escalating at the general inflation rate.
The battery was assumed to cost $600 per kWh and $1000 per kW, meaning, for example, that a 30 kWh : 10 kW battery would cost $28,000. The round-trip efficiency was assumed to be 92.5%.
The regression coefficients for the resiliency expression were found using by performing parametric sweeps of the system sizes and recording R for each combination as described in Section II. The PV system was swept from 0 to 20 kW and the battery from 0 to 40 kWh. For simplicity, we assumed a three-hour battery (C / 3) battery such that the energy capacity was triple the power rating in every case. Figure 2 shows the variation of R with PV size and battery capacity. The multi-variable regression analysis resulted in coefficients of 0.0038 and 0.039 for x 1 and x 2 , respectively, with a coefficient of determination (R 2 ) of 0.82. The system was first optimized to minimize the lifecycle cost of energy to the site without valuing the resiliency benefit of the system. This resulted in a 11.3 kW PV system and a 14.2 kWh : 8.1 kW battery with a lifecycle cost of $266,638 and, when the lifecycle cost is subtracted from the base case lifecycle cost, a net present value of $16,695. Though no value was placed on resiliency, the R of the system was calculated to be 0.38 hours.
The system was then re-optimized with the value of the resiliency benefit included. The CAIDI for the utility was 1.8 hours [15] and the CGI was estimated at $286 per hour, resulting in an ACI of $515 per year. We arbitrarily de-rated the value of the resiliency benefit by 50% for a solar-plusstorage system to $143 per hour with a maximum of $257 per year, as described in Section II.
As shown in Table I , when resiliency was valued at $143 per hour, the size of the solar-plus-storage system increased. The PV system increased by 19% to 13.4 kW while the battery capacity increased by 31% to 18.6 kWh, and the battery power rating increased by 15% to 10.2 kW. The larger solar-plusstorage system can sustain the critical load for 0.78 hours, an increase of 105% compared to the smaller system. The lifecycle cost of the system was $269,071. This indicates that if the resiliency benefit is included during the feasibility analysis, system owners may build larger solar-plus-storage systems resulting in systems that can sustain the load for longer duration outages. We then then repeated the optimization while progressively increasing the value placed on resiliency. Figure  3 shows that the optimal component sizes of a PV-battery system (top) and the amount of resiliency that the system provides (bottom) both increase as the price that the customer is willing to pay for the resiliency benefit increases. We considered the value of sustaining operations during short duration outages as would typically be represented by CAIDI. There is, of course, also value in sustaining longer duration outages, but the analysis of resiliency during catastrophic events was not included. We assumed that the entire load needed to be met during every hour of the grid outage, and defined R as the average number of hours that the system was able to do so. Other possible definitions of R could include the number of hours that a critical load can be met, or the fraction of hours that a partial load could be met, thus recognizing that solar-plus-storage systems may not be able to sustain the load continuously, but may be able to provide intermittent power. This latter case would derive significant value during catastrophic outages.
In conclusion, this paper has shown that the optimal sizes of components and the amount of resiliency that they provide increase as the value assigned to resiliency is increased. While the value of resiliency on its own may not justify installation of a solar-plus-storage system, this analysis indicates that in some cases, including the value of resiliency alongside other value streams may lead system owners to install larger solarplus-storage systems. In future work, we plan to expand the model to include other potential revenue streams such as selling ancillary services to the grid.
